Real hedging is the practice of getting onto the property ladder in order to trade up to a larger home in the future. We define the value of the real hedge of home ownership as the difference between the risk premiums of renting and owning and explore how this value depends on local housing price dynamics and household characteristics.
Introduction
Buying a home is among the most significant and expensive transactions in the lifetime of a family. When viewed as a purely investment asset, home ownership appears quite risky.
The highly leveraged position that a household typically takes in the form of mortgage debt amplifies the effect of house price volatility on its balance sheet. Housing, however, also constitutes a major expense for households that are renting. Englund et al. (2002) report that in Western Europe and North America the average household spends 25 to 35 percent of its income on housing services, a share that is even larger for young families. 1 When viewed as durable consumption goods, homes guarantee a continuous stream of housing services to prospective buyers in exchange for a known up-front price. Sinai and Souleles (2005) argue that all households are born "short" on housing services since they have to live somewhere, and homes can be viewed as long-lived assets that provide stochastic dividends equal to future rents. Home ownership, thus, serves as a hedge against rent risk because an increase or decrease in rents would be offset by the commensurate appreciation or depreciation of home values.
Home ownership also enables households to move up the property ladder over their life cycle. A young family owning a condominium now could be in a better position to transition to ownership of a single family house compared to a family that is currently renting. In a market with rising home values, the equity accumulated in the condominium allows the young couple to finance the down payment on a single family home. Following Han (2008) , in this paper we will refer to the strategy of getting on and moving up the property ladder as "real hedging." When the correlation between appreciation rates of "starter" and "trade-up" homes increases, the economic value of the real hedge increases as well. The real hedge serves the same purpose as a financial hedge where a company buys an asset today that is positively correlated with a commodity required in the future in order to reduce the risk associated with the commodity's future price volatility.
In this paper we examine the economic value of real hedges in U.S. local real estate markets in the periods before and after the housing crisis. We present a theoretical frame-1 According to an estimate by Zillow, Inc. the U.S. share of income spent on rent for the fourth quarter of 2006 stands at 29.2% while the historical share for the time period 1985-2000 stands at 25.8%. work in which the value of real hedging for a household depends on the variance of its lifetime housing costs as it moves up or down the property ladder. The model allows us to explore how the value of the real hedge depends on key characteristics of housing market dynamics including volatility, momentum, and correlation between the appreciation rates of housing market segments in the same metropolitan area. 2 As a proxy for the property ladder in U.S. metropolitan residential housing markets, we use the Standard & Poor's Case-Shiller seasonally adjusted tiered price indices. These monthly price indices are tracking the three segments of local housing markets -low, middle, and high -and are available since the early 1990s for seventeen major metropolitan areas.
As the data coverage includes sufficiently long time periods prior to and after the subprime crisis and the Great Recession, it allows us to examine how the dynamic interaction between each pair of price tiers in these markets changes after the crisis.
To get a sense of how the effectiveness of the real hedge depends on key parameters, we develop a theoretical framework that captures three widely documented features of housing price dynamics. First, the appreciation rates of homes are driven by momentum. That is, the returns of each price tier are serially correlated. Starting with Shiller's (1989, 1990) seminal articles on the predictability of house prices, a number of studies have reported positive and significant autocorrelation coefficients in various dynamic specifications of real estate returns (see e.g. Hendershott, 1993, 1996; Capozza and Seguin, 1996; Capozza et al., 2004) . 3 Following this literature, we assume that housing returns are governed by an autoregressive process which can vary by price tier. Further, we allow for different price tiers to have different return volatility. This feature is pertinent to the boom and bust cycle of the past decade: for the majority of metropolitan areas, low tier homes appreciated the most in the run up and depreciated the most during the bust of 2 While some families relocate to another residential market, in our empirical analysis we focus on moves within the same local residential market as such moves are most common. Based on data from the Panel Study of Income Dynamics, Han (2008) reports that 62% of first time buyers traded up by buying a more expensive house in real terms, and from those 71.3% moved within the same metropolitan area. An analysis of moves across different metropolitan areas and correlation estimates across geographically different markets are presented in Sinai and Souleles (2013) .
3 Building on these results, more recent studies examined potential gains of momentum investment strategies in real estate assets (Beracha and Skiba, 2011; Guren, 2018) .
the market (Damianov and Escobari, 2016) . 4 Finally, we allow for the returns across tiers in the same metropolitan area to be positively correlated. 5 For a home buyer exhibiting constant relative risk aversion over non-housing consumption, the insurance risk premium associated with the real hedging strategy -which we refer to as the "value of the real hedge" -is proportional to the difference in the variances associated with home ownership and renting. The model allows us to analyze how changes in estimated parameters affects the value of real hedges. As expected, an increase in the correlation between price tiers increases the value of the real hedge. Further, we demonstrate that an increase in the correlation between the tiers improves the value of the real hedge more in markets exhibiting a higher momentum of returns and in high home value markets. Finally, we show that an increase in the correlation coefficient increases the value of the real hedge more in markets with a smaller difference between the tiered price indices.
We estimate the time-varying conditional correlations across price tiers, their volatilities, as well the level of persistence in their returns by using the multivariate DCC-GARCH empirical specification proposed by Engle (2002) . Our empirical strategy enables us to account for the aforementioned key features of the dynamics of the tiered home price indices, including autocorrelation in returns, changes in their volatilities over time, and changes in the correlations between price tiers. In line with previous studies, we find that the time series of the tiered indices exhibit persistence. That is, high past appreciation rates are likely to lead to further appreciation, and house price declines are likely to be followed by further declines. These autoregressive processes are best described by models of up to five lags, as selected by the Akaike information criterion. 6 The DCC specification allows us to obtain dynamic trajectories of the pair-wise correlations in returns between the tiers and study their behavior over periods of particular interest. We estimate the effect of the bubble bursts in different metropolitan areas by analyzing the correlation coefficients using a dynamic panel system Generalized Method of Moments (GMM) estimator. The pooled, the fixed effect, and the dynamic panel estimates show a statistically and economically significant increase in the correlation between the price tiers after the bubble burst which suggests a substantial improvement in the economic value of real hedges in the post-crisis period.
Related literature
This paper relates to the growing theoretical and empirical literature on the hedging value of home ownership. The role of home ownership as insurance against fluctuations in future housing cost has been explored in several prior theoretical papers (see e.g. Han, 2008 , Ortalo-Magné and Rady, 2002 , Sinai and Souleles, 2005 , and Ortalo-Magné and Pratt, 2016 . The present framework is most closely related to the model by Sinai and Souleles (2005) in that it considers the current tenure decision of a household which intends to relocate in the future. Sinai and Souleles (2005) assume that rents -interpreted as dividends to home ownership -exhibit persistence: they follow an AR(1) process and house prices adjust in such a way as to leave households indifferent between renting and owning. One consequence of these assumptions is that equilibrium house prices, corresponding to the sum of risk-adjusted discounted expected future rents, can be expressed as linear functions of contemporaneous rents and, hence, also follow an AR(1) process. We, in contrast, in line with the literature on market momentum, assume that the house price appreciation rates, rather than the house prices, follow an autoregressive process, whereby we allow for a general AR(q) process. This more general formulation of return dynamics allows us to explore how momentum shapes the volatility of housing market returns of different housing market segments. In addition, it allows us to examine how our results relate to the extant literature on momentum in housing returns.
The early literature on momentum views the positive autocorrelation in housing returns as evidence that the market for single-family homes is not informationally efficient. Using data for Atlanta, Chicago, Dallas and San Francisco over the 1970 -1986 time period, Case and Shiller (1989 ,1990 find that price changes in one year are likely to continue in the same direction for one more year. In the current study, we use monthly data on seventeen metropolitan areas including Atlanta, Chicago and San Francisco. For these three cities we find that the market momentum implied by the autocorrelation in monthly returns amplifies return volatility by a factor between one than two. Using quarterly data from Hong Kong, Fu and Ng (2001) shows that the momentum in housing market returns is due to slow response of house prices to new information. More recently, using data from San Francisco, Los Angeles, and San Diego over the 2008-2013 time period, Guren (2018) shows that momentum can be explained by the strategic behavior of sellers who find it optimal to set asking prices close to the existing average market price. Chauvet et al. (2016) estimate autoregressive models using monthly returns over the same time period, yet include a larger number of metropolitan areas. They find that the autoregressive coefficients for the first two lags are positive while for the third lag is negative. We report here a similar finding which is robust both to the geographical area and to the house price tier analysed.
The recent literature on market momentum has taken on a variety of other approaches.
Following the study by Jegadeesh and Titman (1993) on momentum in stock market returns, Beracha and Skiba (2011) construct long-short zero cost portfolio investment portfolios based on lagged residential real estate returns. They find that the strategy of buying winners and selling losers indeed generate positive returns. Piazzesi and Schneider (2009) use data from the Michigan Survey of Consumers to explore how households' beliefs about future house price appreciation change during the housing market boom of the early 2000s.
The present paper also relates to the literature exploring whether households can insure themselves through home ownership. Han (2010) differentiates between financial risk effect on demand associated with price volatility and hedging effect on demand associated with correlation between current and desired future houses. She finds empirical evidence that households exhibit self-insurance behavior: timing and size of home purchases are related to the strength of households' hedging incentives, whereby hedging incentives are associated with the geographical mobility of the household and its tendency to trade up. Amior and Halket (2014) report that home ownership rates and loan-to-value ratios at the city level are negatively correlated with house price volatility, while Sinai and Souleles (2005) show that price-to-rent ratios and the probability of home ownership are positively related to the volatility of rents. In a more recent related empirical work, Sinai and Souleles (2013) establish that, when households move across different metropolitan areas, they tend to move between highly correlated markets. This leads them to conclude that the "movinghedge" value of owning would be higher than the one predicted by the average level of correlation between metropolitan areas.
This paper adds to the aforementioned literature by considering the value of real hedges for households that have the intention to move to a different tier in the same metropolitan area -a scenario corresponding to the behavior of the majority of first time buyers (Han, 2008) . Using a dynamic specification, we find a significant increase in the correlation across tiers, which implies a higher economic value of real hedging for the period after the mortgage crisis.
Homeownership as a real hedge
We consider a local housing market in which the appreciation rates of different house price tiers are governed by a general AR(q) process where q denotes the number of lags in the model. Our theoretical framework allows for persistence in the appreciation rates, contemporaneous correlation across tiers, and different volatility in the monthly returns of different housing market segments. In the following sections we estimate the parameters of this model and use them to calculate the value of the real hedging strategy. That is, we place a household with specific preferences in a given local housing market and derive the hedging value of home ownership as a function of model estimates and household preferences.
House price dynamics. For ease of exposition, let us denote the price of the (low) tier i in month t by P i t and the price of the (middle) tier j in month t by P j t . Denoting their logarithms by p i t ≡ log(P i t ) and p j t ≡ log(P j t ), we express the monthly house price appreciation rates as r i t = p i t − p i t−1 and r j t = p j t − p j t−1 . Housing returns are assumed to follow a general AR(q) process given by
where ε i t ∼ N (0, σ 2 i ), ε j t ∼ N (0, σ 2 j ) and corr(ε i t , ε j t ) = ρ. Hereby µ i and µ j are constant terms and ϕ i h and ϕ j h are the autoregressive terms in the above equations. The volatilities of the appreciation rates of the two price tiers are denoted by σ i and σ j , respectively and their contemporaneous correlation by ρ. In the following section, we estimate these parameters for the local markets covered by the Standard & Poor's Case-Shiller tiered house price indices.
Real hedging volatility. A household plans to reside in a local housing market and occupy a low tier home for a number of T years upon which to transition to a middle tier home in the same area for another T years. 7 We will refer to such a household as a household with a time horizon T and will compare homeownership (real hedging) with renting in this setting.
The household has a present value of lifetime earnings W and can invest in hypothetical instruments pegged to the value of housing in each tier. If the current prices of the low tier and the middle tier homes are P i and P j , the portfolio weights for investment in the low tier and middle tier are ω i = P i W and ω j = P j W , respectively. As the real hedging strategy involves selling the low tier home and buying the middle tier home in year T, the returns associated with this strategy corresponds to the returns of a portfolio consisting of a long position in the low tier home and a short position in the middle tier home. Hence the variance of the cumulative return for the first T periods of the real hedging strategy is given by
Hereby σ 2 τ,T = var( 12T t=1 r τ t ) where τ = i, j denote the variances of the cumulative returns of investing in the low tier and the middle tier homes for the first T years. Further, as the middle tier home is bought in year T and held up to year 2T , the volatility of final wealth in year 2T is determined by the long position in the middle tier home. Thus the variance of the cumulative return of the real hedging portfolio at the end of year 2T is given by
where σ 2 j,2T = var( 24T t=1 r j t ).
We next explore how the variance of the cumulative return for a given period of T years depends on the autoregressive estimates of the empirical model. For notational convenience, in the following exposition we will suppress the price tier index τ when denoting the cumulative return of particular price tier, i.e. we will use σ 2 T instead of σ 2 τ,T . Similarly, we use ϕ h instead of ϕ τ h and σ 2 instead of σ 2 τ . The variance of the cumulative return for T periods is given by
Hereby σ s and σ m are the volatilities of the returns in months s and m, respectively and |m−s| is the autocorrelation between these returns. The autocorrelations satisfy the Yule-Walker system of equations
where l denotes the autoregressive lag. Using the property l = −l we obtain the first q autocorrelation terms by solving the system of equations
The terms l for l > q are derived iteratively by equation (6) once we solved for 1 , 2 , . . . , q .
The variance σ 2 t for t = 1, 2, . . . , 12T is given by
It can be derived iteratively using the relationship
We note that σ 2 t = 0 for t < 0 as the past realizations of returns are observed and that σ 2 1 = V ar(ε t ) = σ 2 . 8 For a general stationary AR(q) process, the Yule-Walker conditions yield the following relationship between the error term variance and the variance of the process:
We refer to M (ϕ 1 , . . . , ϕ q ) as "market momentum" and calculate it for the metropolitan areas in our empirical analysis. 9 With this definition of momentum, the variance of the cumulative return over T periods presented in equation (5) can be approximated by
We use this cumulative return variance in our analysis of the value of real hedging.
Value of real hedge. A complete analysis of the attractiveness of home ownership would take into account an array of relevant issues which are assumed away in the current model.
These include transaction costs, tax implications, depreciation rates, leverage and down payment requirements, labor income, inflation, interest rate risk, etc. We abstract from these features here for the sake of tractability as our main focus is on the potential hedging benefits of home ownership. Yet, these factors are important; they operate alongside 8 For an AR(1) process the solution to the model is given in closed form. The Yule-Walker conditions yield for the autocorrelation l = ϕ l 1 . For the variance of the return in period t we obtain
and for the variance of the cumulative return up to period T we obtain
As can easily be established, for any time horizon T , this variance is increasing in the autoregressive coefficient ϕ1 when this coefficient is positive. Hence, the persistence of the time series amplifies the volatility of the cumulative return because a high return in the current period implies a higher cumulative expected return. This intuition carries over to general AR(q) processes only as long as the autoregressive coefficients and the autocorrelations in the model are positive. This is the case for some but not all metropolitan markets. 9 The momentum of an AR(1) process is D(ϕ1) = 1
the hedging incentives analyzed here, and have been the focus of prior studies. 10 As we consider home ownership as a form of insurance against fluctuations in housing costs for the household, we define the value of the real hedge as the difference in the risk premiums implied by the investments underlying the two tenure modes.
We view the household choice to buy vs. rent as a standard portfolio choice of an investor with mean-variance preferences and constant relative risk aversion preferences. If the household decides to rent for its entire life span of 2T years, it will be exposed to rent uncertainty in each period in which its lease contract is up for renewal. As the majority of rental contracts are for lease terms of one year or less, 11 for our comparison of buying vs.
renting we assume that lease contracts are renewed on an annual basis. 12 As explained, to hedge the risk of future rent appreciation, the household can purchase a starter home now and trade up to a single family home in the future. Home ownership eliminates the risk associated with uncertainty in rents but exposes the household to house price risk.
The household's exposure to house price risk occurs at moment T when the household sells the low tier home and buys the middle tier home and at the end of the final period 2T.
Given that these transactions occur in the relatively distant future, it is possible that the risk of owning, measured in present value terms, is lower than the risk of renting. Thus, risk premiums depend on the housing market parameters and the characteristics of the household. Let us consider a household exhibiting constant relative risk aversion which discounts future risk premiums exponentially. The characteristics of this household are denoted by
where θ is the risk aversion coefficient, δ is the annual discount factor, W is the lifetime 10 The effects of transaction cost on the timing and size of home ownership have been analyzed by Han (2008) and Flavin and Nakagawa (2008) . The implications for portfolio choice have been studied by Engle (2002), Flavin and Yamashita (2002) , and Hu (2005) . The effects of down payment constraints have been discussed in Stein (1995) and Lustig and Nieuwerburgh (2005) . Uncertainty in labor income has been considered by Ortalo-Magné and Rady (2002) and Davidoff (2006) . More recently, Campbell and Cocco (2015) study mortgage decision by incorporating a number of these factors, including inflation, house price uncertainty, and interest rate risk. 11 Using data from the Annual Housing Survey, Genesove (2003) reports that only 3% of residential leases are for terms longer than a year. 12 The framework can be easily adapted to consider alternative lease terms, e.g. 6 months.
wealth of the household, and T is the time horizon (measured in years). Similarly, the housing market characteristics are captured by
Hereby σ 2 i,T and σ 2 j,T are the cumulative return variances of the low tier and middle tier home, respectively over a time horizon of T . The parameter ρ represents the contemporaneous correlation between the monthly appreciation rates of the price tiers, and the d 2 i and d 2 j the volatilities of the annual rents of the two price tiers. As the real hedging strategy involves selling the low tier home and buying the middle tier home in year T, its risk premium is determined by a portfolio consisting of a long position in the low tier home and a short position in the middle tier home. The volatility of final wealth in period 2T is determined by the long position in the middle tier home. Hence the risk premium of home ownership is given by
The first term is associated with the variance of selling the low tier home and buying the middle tier home in period T while the second term is associated with the variance of the middle tier home in the final period 2T . The risk for a renter stems from the volatility of annual rent as a proportion of annual earnings W a and is given by
With these preliminaries, the value of the real hedge is defined as
The real hedge has a positive value when home ownership is less risky than renting. In the next section we estimate the housing market parameters for the periods before and after the burst of the bubble, and in the subsequent section we discuss the implications of our empirical estimates for the value of real hedging for a typical household. We also discuss how the value of real hedging has changed after the housing market crisis. The CS tiered indices were established in January 1987 for ten metropolitan markets;
seven additional residential areas were included over the time period between January 1989 one residential area, Cleveland, ends earlier as it was discontinued in November 2008. In Table 1 we present the mean and the standard deviation of the appreciation rates for the low-tier (r i t ), middle-tier (r j t ) and the high-tier (r k t ) indices of all MSAs in the sample. The upper panel in the table shows the statistics for the period before the bubble burst, while the lower panel shows the period after the bubble burst. The month of the bubble burst is determined as the month at which the low tier index reached its peak.
[ Figure 1 , about here]
To illustrate the dynamics of the price tiers during the period of study, we present in Table 2 offers a first impression of the significance of real hedging for households and of the way hedging incentives have changed after the recent housing crisis. The table reports the unconditional correlations between the appreciation rates of the high tier and the S&P 500 (columns 1 and 2) as well as the unconditional correlations between the appreciation rates of the high tier and the low tier (columns 7 and 8). We observe that the unconditional correlations between the price tiers are positive and substantially larger in magnitude than the correlations between each price tier and the S&P 500. This is an indication that stock market participation is not as effective as real hedging for households who intend to move up the property ladder in the same metropolitan area.
Preliminary evidence
Further, the reported z-statistics in column 7 are associated with the null hypothesis that the correlations are the same before and after the burst, while the alternative is that the correlation is smaller before the bubble burst. The associated p-values show that at the 10% significance level for eight of the seventeen metropolitan areas the correlation between the high and low tiers is stronger after the bubble burst. A similar conclusion can be drawn when considering the correlation between the high tier and the S&P 500. With the exception of Portland and Seattle, the correlations are statistically larger after the burst.
While the reported statistics do not take into account the dynamics of the correlations over time, they provide some evidence that correlations have increased after the crisis. As we demonstrate in the following sections, the increase in the correlations is statistically significant in the studied empirical models that take into account conditional correlation dynamics.
5 The dynamic correlation-coefficient model
Formulation of price tiers
To account for the dynamics of the appreciation rates of the different price tiers we employ the multivariate GARCH methods developed in Engle (2002) . We denote by P τ mt the index in metropolitan area m in period t for tier τ = (i, j, k) where i, j, and k signify the low, middle, and high tier, respectively. With the notation introduced previously, we calculate the returns and express them in percentage terms as follows: r τ mt = [log(P τ mt ) − log(P τ m,t−1 )] · 100. To simplify notation we further drop the subscript m and present the empirical approach for a given metropolitan area.
As noted by Chiang et al. (2007) , there are three advantages of using Engle's (2002) model. First, the estimation is robust to heteroscedasticity as the DCC-GARCH model estimates the correlation coefficients of the standardized residuals. Second, the empirical model allows for the inclusion of additional regressors in the mean equation. In our case we use the U.S. S&P 500 stock returns as a common factor that potentially affects all price tiers. Third, it is well known that the estimation of the dynamic correlations is particularly difficult because of the large number of coefficients in the variance-covariance matrix, for example, in the methods described in Engle and Kroner (1995) . The approach suggested by Engle (2002) allows the inclusion of multiple returns without the need to estimate too many coefficients. The estimation output includes time-varying correlation coefficients that affords the analysis of regime shifts.
We model the vector of appreciation rates r t = (r i t , r j t , r k t ) in the mean equation as an AR(1) process. In particular, we use the specification:
, and ε t |Ω t−1 ∼ N (0, H t ). 14 Note that Equation (11) is simply the vector version of Equations (1) and (2) with an additional third equation for the high tier and the lagged S&P 500 stock return.
We add the autoregressive term in order to capture momentum effects. The control r S&P500 t−1 serves as a factor that can potentially affect all returns and as an alternative investment opportunity. A key objective of the analysis is to model the dynamics of the variancecovariance matrix H t . We use the following specification for this conditional variance:
where both D t and R t are time-varying. R t is the (3 × 3) correlation matrix of interest, while D t is a (3 × 3) diagonal matrix. The three diagonal elements in D t , denoted by h τ t , τ = (i, j, k) , represent the standard deviations from separately fitted univariate GARCH models.
We use a two-stage approach to estimate the variance-covariance matrix H t . In the first stage, estimates of h τ t are obtained by fitting univariate volatility models for each price tier. In the second stage, the residuals from the first stage are transformed using
upon which the parameters of the dynamic conditional correlation model are estimated. We use Engle's (2002) model specification for the evolution of the conditional correlations given by:
where α and β are nonnegative parameters to be estimated under the restriction (α+β) < 1.
The 3 × 3 unconditional variance-covariance matrix of u t is given byQ = E[u t u t ], while Q t 14 With Ωt−1 being the information set available at the end of period t − 1.
is the 3 × 3 time-varying conditional variance-covariance matrix of u t . To obtain ones in the main diagonal of the correlation matrix R t , we rescale Q t as follows:
where ν τ t are the main diagonal elements of Q t . If Q t is positive definite, the absolute value of the off-diagonal elements of R t will all be less than one. As an illustration of how the off-diagonal elements of R t are obtained, let us drop the high tier k and consider the bivariate model with only the low tier i and the middle tier j. The pairwise correlations represented by the off-diagonal elements of R t will have the form:
whereν i-j and ν i-j t are the single off-diagonal elements ofQ and Q t respectively. The log-likelihood function to be maximized is given by:
with (µ,ϕ,γ) denoting the coefficients to be estimated in D t , and ϑ the coefficients to be estimated in R t . The first term on the right-hand side is the sum of the individual GARCH likelihoods. The second term represents the function to be maximized in order to obtain the correlation coefficients. According to the two-step procedure of Engle (2002) , in the first estimation step estimates of (µ,ϕ,γ) corresponding to D t are obtained by maximizing the first term on the right-hand side of Equation (16). Given these estimates, in the second step, the second term is maximized to obtain the estimates of ϑ. Table 3 reports the estimation results for three of the metropolitan areas in the sample, San Diego, Denver, and Atlanta. We selected to report on these three areas because they have different number of lags k. The lags for each areas in the sample were selected based on the Akaike information criterion (the selected lags are reported in Table 4 ). Looking at the estimates of the mean equations we observe that the regression constants (µ) are all positive and highly significant. As expected, these estimates are close to the respective means of the dependent variable r τ t reported in Table 1 . We observe that for Denver, the point estimates of the regression constants are larger for the low tier than for the high tier.
Dynamic correlation and momentum estimates
This is consistent with the well known observation that during the most recent housing bubble the low tier appreciated more than the high tier. Looking at the estimates of the mean equation we further observe that coefficient γ capturing the effect of the S&P 500 index on the price tiers is not statistically significant. That is, the U.S. stock market does not significantly affect the price dynamics in local housing markets.
[ Table 3 , about here] When examining the variance equations in Panels B, we observe that the lagged shocksquared terms (b) are statistically significant across all metropolitan areas, indicating that volatilities are indeed time-varying. The highly significant coefficients on the lagged conditional volatility (a) lends further support to our GARCH specification. The measure of volatility persistence a + b registers values close to one across all metropolitan areas, which is an indication of high levels of persistence in the conditional variances. To obtain the estimates of α and β in the multivariate DCC equations reported in Panels C, we used the second step proposed in Engle (2002) . The highly statistically significant α and β coefficients across all metropolitan areas are strong evidence of substantial time-varying co-movement across price tiers. The Wald test with the null hypothesis that α = β = 0 provides strong evidence against the null. Table 3 , due to space considerations, we present the DCC-GARCH model results for only three of the metropolitan areas, in Table 4 we report the sum of the autoregresive coefficients and the conditional correlations between tiers for all the seventeen metropolitan areas in our sample. With the exception of Cleveland where the data ends in 2008, the sum of the autoregressive terms in the mean equations (i.e., q h=i ϕ h ) are all positive and highly significant. The point estimates are relatively smaller for Chicago and Minneapolis, Portland and Tampa, and are larger for New York and for the metropolitan areas in California. We interpret a positive q h=i ϕ h as evidence for momentum effects and partial adjustments in housing markets.
While in
[ Table 4 , about here] Given that within each metropolitan area we have three tiers, our estimation approach allows us to obtain estimates of three pair-wise time-varying correlations, ρ i-j t , ρ i-k t , and ρ j-k t . To illustrate the dynamics of these pair-wise correlations, we present in Figure 2 the time series graphs for Cleveland and Washington DC. The vertical lines indicate the dates at which P i mt reaches its peak. The averages for these correlations are reported in columns 5 through 7 of Table 4 .
[ Figure 2 , about here] Consistent with the correlations presented in Table 2 , the result in Table 4 and Figure 2 show that the dynamic correlations are all positive. 15 6 Dynamic correlations and the bubble burst
Panel estimation of the effect of the bubble burst
In this section we examine whether the housing crisis has affected the value of real hedging by testing for changes in the conditional correlation coefficients. The graphs presented in Figure 2 suggest that the dynamic correlations are higher after the bubble burst. To test this formally we pool the dynamic correlations across all our seventeen metropolitan areas to obtain a panel of correlations. As before, we use m to denote the metropolitan market and estimate a dynamic panel specification of the following form:
While this equation is expressed in terms of the low (i) and the middle (j) tiers, we are also interested in estimating analogous specifications for ρ i-k mt and ρ j-k mt as well as for the correlations between each tier and the S&P 500. To capture the effect of the housing bubble burst, we also include as a regressor the dummy variable Z mt . It changes not only over t,
but also over m as housing bubbles burst at different times for different metropolitan areas.
For a given metropolitan area m, the corresponding column in Z mt is equal to one after the maximum of P i mt is reached and is equal to zero for the dates prior to the maximum. η m captures the metropolitan area time-invariant specific effect while ν i-j mt is the remaining stochastic term.
In this equation λ and κ are coefficients to be estimated. Even though the lagged dependent variable is not of direct interest, its inclusion allows us obtain consistent estimates of the effect of the bubble burst on the dynamic correlations because a simple correlation between Z mt and ρ i-j mt might just be reflecting a common force behind the dynamic adjustment process. Assuming that ν i-j mt is serially uncorrelated, we model the bubble burst Z mt as potentially endogenous in the sense that it may be correlated with earlier shocks,
Endogenous Z mt however does not prevent agents from adopting a forward-looking perspective on the dynamics of either ρ i-j mt or Z mt . The estimation methods we use are consistent with rational expectations and only assume that the surprise element of the dynamic correlations (ν i-j mt ) cannot be predicted. To obtain consistent estimates of the coefficients λ and κ we use the methods described in Arellano and Bond (1991) and Blundell and Bond (1998) . We first take first differences in Equation (17) 
We then construct the moments E(∆ν i-j mt W) to estimate λ and κ in Equation (19) via Generalized Method of Moments (GMM). Under the assumption that the error term ν i-j mt is serially uncorrelated, which we formally test, the lagged values of ρ i-j m,t−1 and Z mt are valid instruments in the matrix W. In addition, we use the moments from the equation
where the instruments M are lags of ∆ρ i-j m,t−1 and ∆Z mt . These additional moment conditions are needed because, when the series are persistent over time, the instruments W for the equation in differences might be weak instruments (Blundell and Bond, 1998 ).
Dynamic panel results
Tables 5 and 6 present pooled OLS and metropolitan area Fixed Effects estimates of the static version of Equation (17). The estimates of the constant presented in column 7 of Table 5 imply than on average the pair-wise correlation between tiers before the bubble burst is about 0.304. After the bubble burst the point estimate is 0.354, with the difference of 0.049 being statistically significant at the 1% level. When considering particular pairwise correlations, in all three cases the correlations are higher after the burst. We interpret this as strong evidence that real hedging has become more attractive after the financial crisis.
[ Table 5 , about here]
[ Table 6 , about here] The point estimates in Table 6 indicate that the correlations between the tiers and the S&P 500 have increased as well. Column 8 shows that the correlations are 0.032 higher after the bubble burst. This is a relatively large increase given that the estimate of the constant in column 7 puts the correlation before the burst at about 0.032. When comparing the estimates of the constants between Tables 5 and 6, we observe that before the burst the magnitude of the correlations between different tiers is about ten times larger than the correlations between the S&P 500 and the tiers. This implies that investing in real estate is a much more effective way to hedge against fluctuations in future home prices than investing in the stock market.
[ Tables 7 and 8 are consistent with the static panel results. The main difference is that once we take into account the dynamics and the potential endogeneity of the bubble burst, the magnitude of the difference in the correlations before and after the burst is less than half of the magnitude obtained with the static panels. The difference in magnitude is evidence that the bubble burst can be considered endogenous. Across all columns in Tables 7 and 8 
Estimates of the real hedge value of homeownership
In this section we derive estimates of the real hedge value of homeownership for a typical household depending on its time horizon, time and risk preferences, and the characteristics of the local housing market. For the volatility of the low and the middle tier homes and their correlation we use the estimates for the period after the housing burst reported in Table 9 . To estimate the volatility of the renting option specified in equation (9) There is less variation in the literature estimating households' discount factors. Following the macroeconomic and household finance literature (see, e.g. Barberis et al., 2001; Souleles, 2005 or Campbell and Cocco, 2015) we set δ = 0.96. This value is also consistent with estimates from recent studies using naturally occurring field data, e.g. 16 We obtained these data from http://www.zillow.com/research/data. 17 Ait-Sahalia and Lo (2000) (see Table V therein) and Bliss and Panigirtzoglou (2000) (see Table VII therein) report estimates of various studies on risk aversion most of which are in the range between 0 and 13, while Guo and Whitelaw (2006) who use stock market data obtain coefficients in the range between 2.5 and 5.6 depending on model specification. credit card borrowing data (Laibson et al., 2015) . This baseline parameterization is also adaptable to alternative assumptions on the discounting function. 18
For illustration purposes, let us consider a household with annual income equal to the median annual household income for 2017 which, according to the U.S. Census was $61,372. 19 Assuming an effective federal income tax rate of 13.5%, we obtain a median after-tax annual income of W a = $53, 087 which we use to calculate the volatility of the share of disposable income spent on rent. For the calculation of the risk premium associated with home ownership given by equation (8) we assume a working life of 40 years, i.e. W = 40 · W a . For these parameter values, we present the value of the real hedge of home ownership in Atlanta, Denver and San Diego as a function of the time horizon (see Figure 3 ).
The value of the real hedge depends on the volatility of house appreciation rates relative to the volatility of the percentage change in rent. As can be observed, the real hedge has a positive value in Atlanta and Denver and a negative value in San Diego where house prices relative to rents are more volatile.
Our empirical results suggest that the correlations between tiers is higher in the period after the burst of the housing market bubble. Indeed, the estimates of the conditional correlations reported in Table 9 are higher in the period after the bubble burst across all price tier pairs. The tiered price indices lose value in the immediate aftermath of the bubble burst and recover while moving more closely to each other in the post-crisis period. It can easily be observed that in our theoretical framework an increase in the correlation between the house price tiers increases the value of the real hedge. It reduces the risk premium of home ownership by lowering the variance of the transition between the low and the middle 18 The experimental literature, both in psychology and economics, finds that consumers act impulsively in the sense that they are more sensitive to delays in rewards in the short run than in the long run (Angeletos et al., 2001) . This dynamic inconsistency phenomenon is best captured by discount functions for which the discount factor declines over time. We performed calculations using the discounting function suggested by Loewenstein and Prelec (1992) according to which the weighting is controlled by two positive parameters α and γ and is given by δ(n) = 1/(1 + αn) −γ/α . The results are qualitatively similar to our baseline model of exponential discounting. The hyperbolic discounting has the effect of increasing the risk premium on the early rent payments as the risk premium of wealth in year 2T associated with the ownership of the middle tier home, and these effects partially offset each other.
19 See U.S Census release report number CB18-144 dated September 12, 2018 and available at https://www.census.gov/newsroom/press-releases/2018/income-poverty.html. tier home. Indeed, from equations (8), (9) and (10) we obtain
The expression for the partial derivative also illustrates that an increase in the correlation of the appreciation rates between the price tiers increases the value of the real hedge more in high home value markets as well as high volatility markets, i.e. when ω τ and σ τ,T for τ = i, j are high.
Note that using the Case-Shiller price indices removes the idiosyncratic element of individual house returns. Yet, it is likely that the correlation of the idiosyncratic elements between tiers is lower than our correlation estimates. Hence, this might bias our correlation estimates and the value of the real hedge upwards. The Case-Shiller tiered price indices are designed to reflect the average change in market prices. Given the low frequency at which houses are transacted, data on the idiosyncratic element of individual house returns is not available. 20
A further notable implication of our model is that an increase in the correlation coefficient increases the value of the real hedge more in markets with a smaller difference in prices between the two tiers. Indeed, let us denote by ω = P i +P j 2 W = ω i +ω j 2 the ratio of the average tiered price index to the household's lifetime wealth. We choose the parameter d ∈ [0, 1) so that (1 − d) = ω i ω and (1 + d) = ω j ω . Rearranging the two equations we obtain d = ω j −ω i 2ω , and interpret d as a parameter controlling the difference between the price tiers. With this notation, using equation (20) we obtain
which is decreasing in d. Further, substituting ω i and ω j with (1 − d)ω and (1 + d)ω, respectively, in equation (8) we obtain that ∂Θ OW N (·) ∂d < 0 which confirms that the volatility of homeownership is lower when the difference between the two tiers is smaller. Chicago Phoenix (8) and (9). The value of the real hedge is given by equation (10). The real hedge is expressed as percentage of the lifetime disposable income of the median U.S. household. Household parameter values are set to θ = 2.0, and δ = 0.96. Housing market parameters are as reported in Table 9 for the period after the bubble burst. Notes: Total number of observations is 4,229. The appreciation rates are calculated as r τ t = p τ t − p τ t−1 = log(P τ t ) − log(P τ t−1 ) for τ = i, j, k. P τ t is the S&P Case-Shiller price tier for the corresponding metropolitan market. Notes: The figures in parentheses are standard errors. * significant at 10%; ** significant at 5%; *** significant at 1%. The momentum and correlation estimates are obtain from DCC-GARCH models. Prices are in US$ and were obtained from https://www.zillow.com/research for the period between April 1996 and June 2016. P i and P k are averages of the monthly median home values for the low and high tiers, while P j is the average of the monthly median of all home values. Bubble Burst 0.0512*** 0.0411*** 0.0411*** 0.0359*** 0.0566*** 0.0477*** 0.0496*** 0.0415*** 
Variables:
Bubble Burst 0.0325*** 0.0314*** 0.0260*** 0.0243*** 0.0468*** 0.0392*** 0.0351*** 0.0316*** step estimates. * significant at 10%; ** significant at 5%; *** significant at 1%. a The null hypothesis is that the errors in the first-difference regression exhibit no second-order serial correlation (valid specification). b
The null hypothesis is that the instruments are not correlated with the residuals (valid specification). step estimates. * significant at 10%; ** significant at 5%; *** significant at 1%. a The null hypothesis is that the errors in the first-difference regression exhibit no second-order serial correlation (valid specification). b
The null hypothesis is that the instruments are not correlated with the residuals (valid specification). 
